Seasonal predictions of precipitation, among others, are important to help mitigate the effects of drought and floods on agriculture, hydropower generation, disasters, and many more. This work seeks to obtain a suitable combination of physics schemes of the Weather Research and Forecasting (WRF) model for seasonal precipitation simulation over Ghana. Using the ERA-Interim reanalysis as forcing data, simulation experiments spanning eight months (from April to November) were performed for two different years: a dry year (2001) and a wet year (2008). A double nested approach was used with the outer domain at 50 km resolution covering West Africa and the inner domain covering Ghana at 10 km resolution. The results suggest that the WRF model generally overestimated the observed precipitation by a mean value between 3% and 64% for both years. Most of the scheme combinations overestimated (underestimated) precipitation over coastal (northern) zones of Ghana for both years but estimated precipitation reasonably well over forest and transitional zones. On the whole, the combination of WRF Single-Moment 6-Class Microphysics Scheme, GrellDevenyi Ensemble Cumulus Scheme, and Asymmetric Convective Model Planetary Boundary Layer Scheme simulated the best temporal pattern and temporal variability with the least relative bias for both years and therefore is recommended for Ghana.
Introduction
A large percentage of Ghanaians are into agriculture but the increasing unreliable rainfall patterns (in both amount and frequency) are changing growing seasons over the agroecological zones which is impacting heavily on this sector of the economy. The changes in rainfall could be due to climate change [1] . Hydroelectric power supply is another sector that is affected by the changes in precipitation pattern. This is because significant drop in water level in the Volta Lake results in a decline in power generation, leading to the use of thermal energy powered by natural gas and crude oil which is more expensive. This results in rising prices of electrical power, which affects industrial productivity and socioeconomic development. Tall et al. [2] noted that only a mere 2% of the total cultivated land in West Africa is irrigated, while the remaining 98% is rain fed. This is an indication of how heavily agriculturalists in the West African subregion rely on rainfall.
Troccoli et al. [3] noted that seasonal to annual predictions of precipitation are useful to many whose activities are influenced in some manner by climate variability and climate change. Appropriate decisions regarding irrigation and fertilization, hydropower generation, dams for irrigation, and disaster control, among others, are all dependent on reliable estimates of monthly and seasonal precipitation amounts [4] .
Having reliable seasonal forecasts of rainfall over Ghana using a regional climate model will go a long way to aid 2 Advances in Meteorology Table 1 : Summary of physics parameterization scheme categories and the options used in this study. Two options each from microphysics, cumulus scheme, and planetary boundary layer schemes are used, while one option from each of the remaining physics schemes was employed here. Revised MM5 Surface Layer Scheme (SLC) MM5 1 [19] Rapid Radiative Transfer Model Longwave Radiation (LWR) RRTM 1 [20] Dudhia Scheme Shortwave Radiation (SWR) DS 1 [21] planning and hence reduce the harsh effects of extreme rainfall that impacts agriculture, industry, and domestic usage among others. The Weather Research and Forecasting (WRF) model has gained wide recognition in mesoscale weather and climate research and forecasting. Recent studies have shown that the WRF model has good potential in handling rainfall features like timing of rainfall, location, evolution, and a good representation of the West African monsoon (WAM) among others [5] [6] [7] . Yuan et al. [8] noted a reduction of wet bias of mean seasonal precipitation from Climate Forecast System (CFS) prediction by up to 71% increase in pattern correlation and a decrease in errors up to 33%.
Díez et al. [9] downscaling ERA-Interim data for seasonal precipitation forecast observed that both statistical and dynamical downscaling approaches performed well depending on the season and on the geographical location. Moreover, they noticed that both methods can be used in combination to produce the best skill scores in some cases.
This work aims to determine the combination of physics parameterization schemes in the WRF model that best simulate seasonal precipitation. In the current study, the rainy seasons of the years 2001 (dry) and 2008 (wet) are simulated using ERA-Interim as forcing data to the model. The intention is to help provide timely and reliable seasonal precipitation forecast over Ghana using limited area dynamical downscaling approach.
Materials and Methods

Large-Scale General Circulation Forcing Data.
The third generation of the European Centre for Medium-Range Weather Forecast (ECMWF) reanalysis forcing data, the ERA-Interim as described by Dee et al. [22] , is used for this work. The ERA-Interim driving data consists of merged assimilated and observational fields at four time steps per day with spatial resolution of 60 vertical levels and the model top at 10 Pa, having a Gaussian grid with approximately 79 km horizontal spacing for surface [22] .
The WRF Model.
The WRF model is an atmospheric model for weather forecasting and regional climate modeling which is suitable for use in a broad range of applications across scales ranging from meters to thousands of kilometers, including idealized simulations, parameterization research, regional climate research, and data assimilation research [23] . Thus, WRF is suitable for dynamic downscaling. The version 3.6.1 was used in this study.
Model Physics.
Global climate models (GCMs) have limited skill in simulating the complex and local climate features due to their coarse resolution and their outputs cannot provide reliable information on precipitation forecast. Downscaling GCM outputs is usually employed to provide fine resolution or point-scale information required for any meaningful assessment on small scales. This is usually done dynamically by employing a regional climate model (RCM) with the appropriate physical parameterization schemes to resolve finer and detailed features which are poorly resolved by GCMs [24] .
The Weather Research and Forecasting model has a range of physics schemes as contained in Skamarock et al. [23] . The accuracy of any model-generated estimates naturally depends on the quality of the model physics [22] . Table 1 shows the major categories of physics parameterization schemes and the Conf.  MPS  CUS  PBL  LSM  SWR  LWR  SLC  Conf1  WSM6  BMJ  YSU  UNM  DS  RRTM  MM5  Conf2  WSM6  BMJ  ACM2  UNM  DS  RRTM  MM5  Conf3  WSM5  GD  YSU  UNM  DS  RRTM  MM5  Conf4  WSM5  BMJ  ACM2  UNM  DS  RRTM  MM5  Conf5  WSM6  GD  YSU  UNM  DS  RRTM  MM5  Conf6  WSM6  GD  ACM2  UNM  DS  RRTM  MM5  Conf7  WSM5  BMJ  YSU  UNM  DS  RRTM  MM5 various options from each category, while Table 2 shows their combination employed in this study. The Ghana Meteorological Agency (GMet) runs WRF model for a three-day weather forecast and employs Conf1 (WSM6, BMJ, and YSU) scheme combination. For a longterm high resolution regional climate simulations, Annor et al. [25] used WSM5, GD, and ACM2 to simulate precipitation over the Volta basin in a climate mode. The GMet and Annor et al. [25] configurations were tested separately and also combined in the quest for a suitable combination of schemes for seasonal prediction of precipitation over Ghana.
Rainfall Pattern over Ghana.
Ghana experiences its rainfall season mainly from April through November [26] which depends on several factors. One such factor is the phase of El Niño-Southern Oscillation (ENSO), namely, El Niño and La Nina. Over Ghana, El Niño results in reduced rainfall, while La Nina years result in a good rainfall season [26] . Rainfall over the country is on a decreasing trend from 1960 to recent years [26] . Sea surface temperatures (SSTs) [27, 28] , African Easterly Jet (AEJ), African Easterly Wave (AEW), and Tropical Easterly Jet (TEJ) [29] , among others, are known to have influence on the performance of the rainy season over West Africa. Therefore, for a model to simulate precipitation over this region reasonably well, it should be able to simulate these features which will in turn impact the skill of the model.
The Oceanic Niño Index (ONI), 3-month running mean of Extended Reconstructed Sea Surface Temperature (ERSST.v4) anomalies in the Niño 3.4 region from the US Climate Prediction Center (CPC): http://www.cpc.ncep .noaa.gov/products/analysis monitoring/ensostuff/ensoyears .shtml, shows that 2008 was a La Nina year and it is not surprising that it had much rains as shown in Figure 1 .
From Figure 1 , it is seen that 2001 received the least amount of rainfall, while 2008 received the most. 2001 and 2008 therefore are used as the dry and wet years, respectively. This period (2000-2010) is chosen since this study is looking at seasonal forecast for the near future and therefore the study focuses on a near current period for the simulations.
Set-Up of ARW for Ghana.
To account for large-scale systems which affect and control precipitation over Ghana, a larger domain is created covering 28 Figure 2 (a). This is done also to move the direct effect of boundary conditions far from the region of study. A nested run of two domains, coarse domain (d01) at 50 km horizontal resolution and inner domain (d02) (study area) at 10 km resolution, was used for the study, Figure 2 (a). The top of the model was set to 20 hPa. This is done to make sure the tropical troposphere depth is well resolved by the model.
The integration time for the run is 9 months starting from March 1 for both years. In both experiments, Conf1 (simulation 1) to Conf7 (simulation 7), the same combination of physics parameterization schemes was used as shown in Table 2 . SST and albedo were updated for all the seven configurations.
Validation Data.
Evaluation of WRF configurations was done by comparing outputs from WRF configurations and two different sets of data. The gridded precipitation data from Global Precipitation Climatology Center version 7 (GPCC v7) as described in Schneider et al. [30] was used for this study. This dataset covers the period from 1901 to 2013 and on monthly temporal resolution using over 51,000 gauge station datasets across the globe gridded at 0.5-degree spatial resolution with grid density between 0 and 64 stations. Gridded precipitation data remains a good substitute for gauge observation data especially in areas where reliable and dense observational data is not available, for example, Paeth et al. [31] ; Nicholson et al. [32] ; and Koutsouris et al. [33] . Over Ghana, due to the coarse nature of gauge stations, the GPCC data have an average of 1 station per grid. WRF configuration simulations results are also compared with precipitation output of the ERA-Interim reanalysis data. It is worth noting that the meteorological parameters from ERA-Interim reanalysis data used in forcing the WRF model simulations did not include precipitation. The GPCC data and the ERA-Interim data were remapped with the WRF for the validation.
Data Processing.
The following statistics, the correlation (R) (the temporal pattern between the simulated and the observed), the root mean square error (RMSE), and the standardized deviations ( ) (the temporal variability between the simulated and observed) were calculated from the total monthly precipitation over the eight-month period out of the nine-month integration time with the first month used as spin-up. The relative biases (RB) from the total precipitation of the whole period of the simulation (8 months) for each configuration were also constructed. The following equations were used:
where (1), (2), (3), (4a), and (4b) are the relative bias, correlation, RMSE, standard deviation of the simulated field, and the standard deviation of the observed, respectively. Also, is the observed field and is the simulated field.
Results
Evaluation of WRF Performance.
The performance of each configuration used in the WRF model with the ERAInterim reanalysis as forcing data over the whole of Ghana and the four agroecological zones (i.e., coastal zone (east coastal zone), forest belt, transitional zone, and northern zone), Figure 2 (b), by comparing estimated precipitation from the ERA-Interim and the WRF configurations (Conf) with the GPCC data (observation) in terms of relative biases, correlation, RMSE, and standard deviation is discussed. The WRF ensemble mean (WRF-EM) of the best performing Confs for each zone was also generated. This is done by averaging the various statistics ( , , and RMSE) for the selected best performing members (Confs). Note that, to achieve the best results, different Confs are sometimes chosen for different zones and for different years to achieve the best possible statistics ( , , and RMSE). This is because the various Confs are performed differently from one zone to another and differently for the dry and the wet years.
Spatial Distribution of Relative Bias in Rainfall over Ghana for the Dry Year (2001) and the Wet Year (2008)
The Dry Year (2001) . Except for Conf1 (the combination of WSM6, BMJ, and YSU schemes) and Conf7 (WSM5, BMJ, and YSU), all the WRF configurations overestimated precipitation along the coast which is consistent with earlier works over this region, for example, Klutse et al. [34] . This wet bias could be attributed to the overexaggeration of the effect of the sea on this areas. Almost all the configurations did well in simulating the observed precipitation over the Advances in Meteorology western parts of the transitional and forest zones ( Figure 3 ). The northern parts were generally underestimated by Conf2 (WSM6, BMJ, and ACM2) and Conf4 (WSM5, BMJ, and ACM2) which agrees with earlier studies over West Africa performed in either Numerical Weather Prediction or climate modes, for example, Klutse et al. [34] , Vizy and Cook [35] , and Annor et al. [25] . The dry bias in the forcing data is seen to be translated into the WRF simulations from Conf2 (WSM6, BMJ, and ACM2) and Conf4 (WSM5, BMJ, and ACM2) for both the dry and the wet years. Also, precipitation over the western coast was underestimated by Conf1 (WSM6, BMJ, and YSU) and Conf7 (WSM5, BMJ, and YSU) showing that the effect of the microphysics schemes WSM6 and WSM5 in these two configurations performed very similar over this area. It is also seen from Figure 3 that replacing YSU with ACM2 in Conf1 (WSM6, BMJ, and YSU) and Conf7 (WSM5, BMJ, and YSU) as in Conf2 (WSM6, BMJ, and ACM2) and Conf4 (WSM5, BMJ, and ACM2) produces reverse bias over the coastal and the northern zones. Generally, all the configurations overestimated precipitation over the Volta Lake and its environs consistent with the study of Annor et al. [25] over the Volta basin. This could be due to the lake temperatures not being updated appropriately in the model. Conf7 (WSM5, BMJ, and YSU) recorded the least mean bias of 2.9%, while Conf5 (WSM6, GD, and YSU) recorded the highest of 63.8%. All the configurations used in this study overestimated precipitation in general. The WRF-EM (Conf1, Conf3, Conf6, and Conf7) showed a great skill in simulating precipitation over the coast especially to the west, the forest zone, the transitional zone, and over the north. The Volta Lake area was also fairly well simulated. The ERA-Interim with spatial bias of about 0.7% seems to give a better estimate on average across the country.
The Wet Year (2008).
Generally, Conf1 (WSM6, BMJ, and YSU) and Conf7 (WSM5, BMJ, and YSU) performed better ( Figure 3 ) in estimating precipitation amount compared to the driving data especially over the middle and northern parts of the country. However, Conf2 (WSM6, BMJ, and ACM2), Conf4 (WSM5, BMJ, and ACM2), and Conf6 (WSM6, GD, and ACM2) simulated well over the forest zone of Ghana with bias close to zero. Overestimation over the north is well pronounced from Conf3 (WSM5, GD, and YSU) and Conf5 (WSM6, GD, and YSU) which is similar to their performance for the dry year (Figure 3 ), while Conf2 (WSM6, BMJ, and ACM2) and Conf4 (WSM5, BMJ, and ACM2) underestimated over the same zone. All the configurations, except Conf1 (WSM6, BMJ, and YSU) and Conf7 (WSM5, BMJ, and YSU), are clearly overestimated along the coast. Conf4 (WSM5, BMJ, and ACM2) recorded the least mean bias of 3.0%. The WRF-EM (Conf1, Conf3, Conf6, and Conf7) on average simulated almost zero mean bias across the country, underestimating the observed precipitation by 0.1%. Underestimating marginally over the north, the WRF-EM clearly simulated the observed data over the middle portion of the country while overestimating over the extreme south of Ghana. It is seen from Figure 3 that configurations 1, 3, 6, and 7 generally overestimated the observed data, while configurations 2 and 4 underestimated it. The underestimation (overestimation) by the schemes over the northern (coastal) zone can be attributed to overexaggeration of the effect of the dry Sahel (Ocean) on the northern (coastal) zone of Ghana.
Model Performance over Ghana and the Agroecological
Zones on Monthly Scale. Statistical comparisons of WRF simulations from the seven configurations forced by the ERA-Interim were evaluated for a dry year (2001) and a wet year (2008) from April through November. The results are summarized on the Taylor diagrams (e.g., Figure 4) . The statistical parameters used include the correlation (R), root mean square error (RMSE), and the standard deviation ( ) for the whole country and the different agroecological zones. The WRF ensemble mean (WRF-EM) for the best performing configurations (simulations) for each zone is also represented. Note that Confs or simulations recording > 3.25 are out of the scale used and therefore are not represented on the Taylor diagrams.
Simulation for Ghana.
Considering the simulations for the entire country as a unit (Figure 4) for the dry year (2001), Conf2 (WSM6, BMJ, and ACM2) recorded the highest correlation of 0.97 but overestimated the reference temporal variability by 133%. Conf6 (WSM6, GD, and ACM2) recorded the least RMSE of 0.83 and overestimated the observed temporal variability by 57% being the best in simulating the temporal variability of the observed precipitation. Conf4 (WSM5, BMJ, and ACM2) recorded the highest RMSE of 1.50 and the least correlation of 0.86 was recorded by Conf5 (WSM6, GD, and YSU) and Conf7 (WSM5, BMJ, and YSU) ( Table 3) .
For the wet year (Figure 4 ), like the dry year, all the configurations overestimated the temporal pattern of the observed precipitation and recorded correlations of 0.85 and above. Conf7 (WSM5, BMJ, and YSU) recorded the highest correlation of 0.96, while Conf5 (WSM6, GD, and YSU) recorded the least value of 0.85. Conf4 (WSM5, BMJ, and ACM2) recorded the highest RMSE of 1.80, while Conf6 (WSM6, GD, and ACM2) recorded the lowest of 0.85 and overestimated the temporal variability of the observed precipitation by 55%. The WRF-EM (Conf1, Conf3, and Conf6) correlated with R = 0.88, while the ERA-Interim recorded 0.77 for the dry year. For the wet year, WRF-EM (Conf2, Conf3, Conf6, and Conf7) and ERA-Interim recorded correlation of 0.91 and 0.82, respectively, with RMSE of 0.95 and 0.70. Changing the cumulus scheme from BMJ to GD in Conf3 (WSM5, GD, and YSU), Conf5 (WSM6, GD, and YSU), and Conf6 (WSM6, GD, and ACM2) greatly improved the scores in terms of RMSE and standard deviation as seen in Table 3 .
In general, Conf6 (WSM6, GD, and ACM2) (Conf4 (WSM5, BMJ, and ACM2)) performed the best (worst) for both years over Ghana. Furthermore, Conf6 (WSM6, GD, and ACM2) is more representative and reproduced the observed data and added value to the ERA-Interim (forcing data) for the wet year. For the dry year, however, the driving data (the ERA-Interim) seem to almost reproduce the temporal variability of the observed data over the country though with a relatively poorer correlation compared with simulation from all the WRF configurations.
Simulation for Coastal Zone.
Mostly for biases related to WRF-EM, the only case where the WRF-EM may do better than the individual members is where there is a mix of overestimation and underestimation over the same zone. Due to this, the WRF-EM does not improve on individual simulations over the agroecological zones because the model either overestimated/underestimated over the coastal/northern zones and therefore the WRF-EM is only meaningful considering the entire country as a unit. Therefore, the biases for WRF-EM are not recorded for the agroecological zones. Also, RMSE values for Confs recording > 3.25 (which are not represented on the Taylor diagrams) are also ignored. The results for dry year ( Figure 5 ) show that Conf3 (WSM5, GD, and YSU) produced the highest correlation (R = 0.84), while Conf4 (WSM5, BMJ, and ACM2) recorded the lowest of 0.45 (not represented on the diagram). All the configurations overestimated the observed variability. The results in this study are consistent with earlier studies performed using the WRF model over Africa by Klutse et al. [34] . The combination of WSM6, BMJ, and YSU schemes in Conf1, however, agreed best with observation having the least RMSE and temporal variability of around 1 (the same as the observation), while Conf2 (WSM6, BMJ, and ACM2) recorded the highest temporal variability of 5.26 (which is outside the scale used in this study and therefore not showing on the diagram). The effect of the ACM2 in combination with WSM6 and BMJ in this zone may not be good in improving the skill of the model in simulating precipitation over Ghana. All the configurations added value to the driving data in terms of correlation but only Conf1 (WSM6, BMJ, and YSU) and Conf7 (WSM5, BMJ, and YSU) produced better temporal variability and better RMSE. The WRF-EM (Conf1, Conf6, and Conf7) recorded correlation of 0.81 and RMSE of 0.95 (Table 4 ) and overestimated the temporal variability by 148%. Conf7 (WSM5, BMJ, and YSU) produced the least bias (bias close to 0%) in total precipitation over this zone. The ERA-Interim reanalysis data recorded correlation of 0.63 and RMSE of 1.10 and overestimated the observed temporal variability by 38%. Conf1 (WSM6, BMJ, and YSU) and Conf7 (WSM5, BMJ, and YSU) performed very similarly giving an indication that the effect of the MPS scheme in these two configurations may be very similar in this zone.
For the wet year (2008), Conf5 (WSM6, GD, and YSU) and Conf3 (WSM5, GD, and YSU) recorded best correlations all above 0.8. All the configurations including WRF-EM (Conf3, Conf5, and Conf7) recorded RMSE above 2.0. None of the configurations added value to the driving data in terms of RMSE unlike in the dry year. ERA-Interim recorded the best root mean square error of 0.85 and overestimated the temporal variability by 54% but with the worst correlation of 0.54. overestimating the observed variability for both wet and the dry years which is consistent with the earlier study performed by Annor et al. [25] where the WRF model generally overestimated observation. Conf1 (WSM6, BMJ, and YSU) produced estimates with the least variability of positive 14% for the dry year and the worst are Conf4 (WSM5, BMJ, and ACM2) and Conf2 (WSM6, BMJ, and ACM2) recording the largest, overestimating the observed variability by 436% and 462% respectively, for the dry year and 480% and 301%, respectively, for the wet year. This shows that the combination of BMJ and ACM2 in these two scheme configurations are not able to reproduce the observed precipitation and, therefore, not suitable for use over the forest zone. Conf1 (WSM6, BMJ, and YSU) and Conf7 (WSM5, BMJ, and YSU) both produced a bias below 7% above the observed total seasonal precipitation over this zone for the dry year. WRF-EM (Conf3, Conf5, and Conf6) overestimated the observed variability with the same magnitude as that of Conf6 (WSM6, GD, and ACM2) for the dry year but with relatively lower correlation and higher RMSE.
Simulation for Transitional Zone.
For the transitional zone, Conf6 (WSM6, GD, and ACM2) performed the best with the lowest RMSE and one of the best standard deviations for both wet and dry years. Conf5 (WSM6, GD, and YSU) and Conf7 (WSM5, BMJ, and YSU) recorded the highest correlation of 0.80 and 0.91, respectively (Table 6 ), for the dry and wet years ( Figure 7 ). All the configurations overestimated the observed variability for both years. Conf2 (WSM6, BMJ, and ACM2) recording the least of 1.35 and the highest RMSE of 1.65 was recorded by Conf7 (WSM5, BMJ, and YSU). The forcing data underestimated the observed temporal variability by 16% and 75%, respectively, for the dry and wet years and recorded one of the lowest correlations (R = 0.62) but with better RMSE of 0.85 and. Conf6/Conf7 produced a bias below/above 2% of the observed total seasonal precipitation over this zone for the wet year. The WRF EM correlates with the observed data with R = 0.79 (Conf3 and Conf5) and R = 0.79 (Conf2 and Conf6) for the dry and wet years, respectively, which is an improvement upon the simulation from the driving data and with RMSE of 1.06 and 0.95, respectively, for the dry and the wet years. The results show that, unlike the dry year, the WRF configurations and the WRF-EM performed mostly better than the forcing data.
Simulation for Northern Zone.
All the WRF configurations in this zone performed well in terms of correlation for both years (Figure 8) , with Conf3 (WSM5, GD, and YSU) recording the highest correlation for both years. Conf1 (WSM6, BMJ, and YSU), Conf3 (WSM5, GD, and YSU), Conf5 (WSM6, GD, and YSU), Conf6 (WSM6, GD, and ACM2), and Conf7 (WSM5, BMJ, and YSU) overestimated the observed variability, while Conf2 (WSM6, BMJ, and ACM2) and Conf4 (WSM5, BMJ, and ACM2) underestimated it. Conf4 (WSM5, BMJ, and ACM2) and Conf6 (WSM6, GD, and ACM2) recorded the least root mean square error of 0.40 (Table 7 ). This shows that the effect of the PBL and YSU in Conf5 (WSM6, GD, and YSU) (recording a high RMSE and standard deviation) is counterproductive compared with ACM2 in Conf6 (WSM6, GD, and ACM2). The WRF-EM recorded correlation of 0.93 and RMSE of 0.40 and overestimated the temporal variability by 20% which is very close to the best performing Conf6 (WSM6, GD, and ACM2) which overestimated the observed variability by 16%. The forcing data underestimated the observed data and recorded correlation of 0.87 and root mean square error of 0.65 and underestimated the temporal variability by 47% with performance close to that of Conf2 (WSM6, BMJ, and ACM2). Again, all the configurations improved upon the simulation of the temporal pattern of the observed data over that from the forcing data. With the exception of Conf2 (WSM6, BMJ, and ACM2) and Conf4 (WSM5, BMJ, and ACM2), all the configurations overestimated the observed variability for the wet year with Conf7 (WSM5, BMJ, and YSU) overestimating the observed temporal variability by 37%. Conf2 (WSM6, BMJ, and ACM2) and Conf4 (WSM5, BMJ, and ACM2) as in the dry year underestimated the observed temporal variability by 38% and 20%, respectively. The ERA-Interim recorded correlation of 0.89 and RMSE of 0.65 and underestimated the temporal variability by 49%, while the WRF-EM (Conf1, Conf2, Conf4, and
Conf7) recorded correlation of 0.90 and RMSE of 0.44 and overestimated the observed temporal variability by 3%. The WRF-EM almost reproduces the observed variability for both years ( = 1.22 (Conf2, Conf3, Conf4, and Conf6) and = 1.03 for dry and wet years, resp.).
WRF Performance over the Southern Sector for Seasonal
Cycle. From the time series plots for the total monthly precipitation over southern sector (areas comprising the coastal and the forest agroecological zones) of Ghana ( Figure 9 ), it is seen that all except Conf2 (WSM6, BMJ, and ACM2) Advances in Meteorology and Conf4 (WSM5, BMJ, and ACM2) realistically simulated the bimodal (two-peak) precipitation field observed over southern Ghana for both the dry and wet years. The seasonal cycle of monthly precipitation is clearly simulated for all the dry year simulations. As discussed earlier and consistent with earlier studies, the general overestimation by the WRF over southern Ghana is evident in Figure 9 and consistent with earlier studies, for example, Noble et al. [36] ; Klutse et al. [34] ; and Annor et al. [25] . The first peak, clearly seen in June, is consistent with the peak of the major rainy season over southern Ghana. A relatively dry period within summer months described by Ireland [37] , a period of less rainfall activities, is also clearly depicted in August as seen in all the simulations except those performed by Conf2 (WSM6, BMJ, and ACM2) and Conf4 (WSM5, BMJ, and ACM2). The peak of the minor season (September/October) is also clearly depicted.
For the wet year (2008), configurations 1, 3, 5, 6, and 7 simulated well the seasonal cycle of precipitation observed over southern Ghana with Conf6 (WSM6, GD, and ACM2) simulating best the phase of the observed. Even though Configurations 1 and 7 are in phase with the observed data, they both are simulated far above normal rainfall in August. However, estimates from Conf2 (WSM6, BMJ, and ACM2) and Conf4 (WSM5, BMJ, and ACM2) are clearly out of phase and depicted a unimodal cycle peaking around August which is inconsistent with the observed data.
WRF Performance over the Northern Sector for Seasonal
Cycle. The time series plots over northern sector (areas comprising the transitional and the northern zones) of Ghana exhibit a unimodal rainfall season from May through October which peaks in August/September (Figure 10 ) as simulated by configurations 1, 2, 4, and 7. All the configurations in this sector also generally overestimated the observed precipitation. However, Conf3 (WSM5, GD, and YSU) and Conf5 (WSM6, GD, and YSU) exhibit some traits of bimodal precipitation pattern (Figure 10 ) with the major peak occurring in August/September. The bimodal nature of rainfall is not characteristic of the northern sector but their peak in September is in phase with observation. Only Conf2 (WSM6, BMJ, and ACM2) and Conf6 (WSM6, GD, and ACM2) actually simulated the peak of the observed in September, with good estimates. Only Conf2 (WSM6, BMJ, and ACM2) and Conf6 (WSM6, GD, and ACM2) actually simulated the peak of the observed data in September, with good estimates for the dry year. For the wet year (2008), apart from Conf1 (WSM6, BMJ, and YSU), there is a fairly good simulation of total monthly precipitation especially from configurations 1, 2, 6, and 7. Conf6 (WSM6, GD, and ACM2) again is the only scheme combination able to simulate the peak of the observed in July, while most others peak in August. Configurations 3, 4, and 5, however, show a bimodal rainfall pattern but peaks at the right period of August/September. The forcing data is seen to give a good pattern close to observation for both years even though the pattern seems somehow bimodal for the wet year. The patterns in both cases (dry and wet year) are unimodal shapes consistent with observation even though peaking earlier/later than observation for the dry/wet year.
Summary and Discussions
This study considered the optimal physics scheme configuration of the WRF model that will best simulate seasonal precipitation field across the agroecological zones of Ghana. This will help provide timely and accurate seasonal forecast over Ghana. WRF performance over Ghana was evaluated looking at the spatial bias, the correlation, root mean square error, and standard deviation over Ghana and its four agroecological zones and how the different scheme configurations simulate the seasonal monthly total precipitation and seasonal cycle of the precipitation field over the northern and the southern sectors of Ghana for both dry and wet years.
Generally, most of the configurations for both the dry and wet years (2001 and 2008) overestimated the observed precipitation data along the coastal zone. Good estimates were generally simulated over the western parts of the transitional zone and parts of the forest zone. Conf2 (WSM6, BMJ, and ACM2), Conf4 (WSM5, BMJ, and ACM2), and Conf6 (WSM6, GD, and ACM2) simulated small or no bias over the forest zones for the wet year. This could be attributed to the ACM2 PBL performing well over these zones as against those simulations from YSU (especially Conf3 and Conf5).
Conf2 (WSM6, BMJ, and ACM2), Conf4 (WSM5, BMJ, and ACM2), WRF-EM, and the forcing data underestimated generally over the northern zone for both the wet and the dry years given an indication that even though these configurations performed well over the forest zone, they might have exaggerated the effect of the dryness of the Sahel region over the northern zone. The combination of BMJ and YSU in Conf1 (WSM6, BMJ, and YSU) and Conf7 (WSM5, BMJ, and YSU) added value to the ERA-Interim estimates across the country for both years especially over the transitional belt and the forest zone, while GD in combination with YSU (as in Conf3 (WSM5, GD, and YSU) and Conf5 (WSM6, GD, and YSU)) seem generally not good in simulating precipitation amount for the study area. Conf6 (WSM6, GD, and ACM2) performed so well in 2008 (wet year) with good estimates across the country except for the coastal zone where the general overestimation occurred. However, across the entire country for both dry and wet years, Conf7 (WSM5, BMJ, and YSU) performed the best in simulating the seasonal total rainfall over Ghana.
The performance of the WRF model in terms of correlation, RMSE, and standard deviation of the spatial distribution of monthly mean rainfall over all of Ghana as a unit and the northern zone for wet and dry years performed similarly. The combination of GD and ACM2 showed great skill over these areas recording in many cases correlation above 0.8 and standard deviation close to that of the observed. This may be attributed to the variable nature of rainfall over the northern zone which is similar to considering larger areas like the whole of Ghana as a unit since different agroecological zones have their unique rainfall pattern. In a similar manner, the combination involving BMJ and YSU performed the best over the extreme southern zone of the country especially along the coast. Conf6 (WSM6, GD, and ACM2) in general produced the best scores in terms of RMSE and standard deviation for Ghana as a unit and all the agroecological zones, especially over the forest, transitional, and the northern zones which are the food basket zones and the main catchment areas of the Volta Lake. Also, simulated precipitation from scheme configurations with GD cumulus scheme as in Conf3 (WSM5, GD, and YSU), Conf5 (WSM6, GD, and YSU), and Conf6 (WSM6, GD, and ACM2) correlate better with the observed data across the country. The performance of GD over Ghana is consistent with an earlier study over West Africa (e.g., Noble et al. [36] ) where combination of GD in schemes gave the best scores.
The performance of the WRF model (run at 10 km resolution) was better over these limited areas (agroecological zones) compared to that from the whole country as a unit. The WRF-EMs in most cases improved the skill of estimates over the forcing data which generally performed well over the entire country compared with the agroecological zones. This could be attributed to the spatial resolution of the GPCC data (≈55 km) which is more similar to that of the synoptic stations across the country which are possibly used in generating the GPCC data used in this study for validation. In summary, this result shows that WRF will be suitable in downscaling Global Circulation Models (GCMs) over Ghana and this is a good sign for the West African subregion.
